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Characterising changes in landscape fire activity at better than hourly temporal 21 
resolution is achievable using thermal observations of actively burning fires made 22 
from geostationary Earth observation (EO) satellites. Over the last decade or more, a 23 
series of research and/or operational 'active fire' products have been developed from 24 
geostationary EO data, often with the aim of supporting biomass burning fuel 25 
consumption and trace gas and aerosol emission calculations. Such "Fire Radiative 26 
Power" (FRP) products are generated operationally from Meteosat by the Land 27 
Surface Analysis Satellite Applications Facility (LSA SAF), and are available freely 28 
every 15 minutes in both near real-time and archived form. These products map the 29 
location of actively burning fires and characterise their rates of thermal radiative 30 
energy release (fire radiative power; FRP), which is believed proportional to rates of 31 
biomass consumption and smoke emission. The FRP-PIXEL Product contains the full 32 
spatio-temporal resolution FRP dataset derivable from the SEVIRI imager onboard 33 
Meteosat at a 3 km spatial sampling distance (decreasing away from the west African 34 
sub-satellite point), whilst the FRP-GRID product is an hourly summary at 5° grid 35 
resolution that includes simple bias adjustments for meteorological cloud cover and 36 
regional underestimation of FRP caused primarily by under-detection of low FRP 37 
fires. Here we describe the enhanced geostationary Fire Thermal Anomaly (FTA) 38 
detection algorithm used to deliver these products, and detail the methods used 39 
generate the atmospherically corrected FRP and per-pixel uncertainty metrics. Using 40 
SEVIRI scene simulations and real SEVIRI data, including from a period of 41 
Meteosat-8 'special operations', we describe certain sensor and data pre-processing 42 
characteristics that influence SEVIRI's active fire detection and FRP measurement 43 
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capability, and use these to specify parameters in the FTA algorithm and to make 44 
recommendations for the forthcoming Meteosat Third Generation operations in 45 
relation to active fire measures. We show that the current SEVIRI FTA algorithm is 46 
able to discriminate actively burning fires covering down to 10-4 of a pixel, and that it 47 
appears more sensitive to fire than are algorithms used to generate many other widely 48 
exploited active fire products. Finally, we briefly illustrate the information contained 49 
within the current Meteosat FRP-PIXEL and FRP-GRID products, providing example 50 
analyses for both individual fires and multi-year regional-scale fire activity, whilst the 51 
companion paper (Roberts et al., 2015) provides a full product performance 52 
evaluation and a demonstration of product use within components of the Copernicus 53 
Atmosphere Service (CAMS). 54 
  55 




1. INTRODUCTION 58 
 59 
1.1. Meteosat Second Generation and Biomass Burning Observations  60 
Smoke emissions from landscape scale fires are strong influencers of atmospheric 61 
composition, chemistry and climate (Williams et al., 2010), and Earth Observation 62 
(EO) satellites are key to their characterisation. The European Organisation for the 63 
Exploitation of Meteorological Satellites (EUMETSAT) currently operates the 64 
Meteosat Second Generation (MSG) system, Europe’s geostationary EO programme 65 
for studying weather, climate and the Earth environment. Meteosat carries the 66 
Spinning Enhanced Visible and Infrared Imager (SEVIRI), whose data can be used to 67 
detect actively burning fires and to estimate their Fire Radiative Power (FRP). FRP 68 
has been shown in laboratory and field experiments to be proportional to rates of fuel 69 
consumption and smoke production (Wooster et al. 2005; Freeborn et al. 2008; 70 
Kremens et al. 2012; Pereira et al. 2011). Since the first MSG launch in 2002, 71 
SEVIRI has observed Europe, Africa, and parts of South America every 15 minutes, 72 
and provided the first geostationary EO data to be used to estimate FRP from 73 
landscape fires (Roberts et al. 2005; Wooster et al. 2005; Roberts and Wooster 2008). 74 
SEVIRI-derived FRP data have been used to paremeterise high temporal resolution 75 
smoke emissions fields for atmospheric modelling (Baldassarre et al., 2014), 76 
including within the Copernicus Atmosphere Monitoring Service (CAMS, Roberts et 77 
al., this issue). Here we describe the algorithms and characteristics of the SEVIRI 78 
FRP products available operationally from the EUMETSAT Land Surface Analysis 79 
Satellite Applications Facility (LSA SAF; http://landsaf.ipma.pt). These products are 80 
available via both near-real time and offline dissemination routes, and have already 81 
provided information used in a number of biomass burning emissions inventories (e.g. 82 
Turquety et al., 2014), and to the Global Fire Assimilation System (GFAS) that 83 
provides fire emissions data to the CAMS (e.g. Hollingsworth et al., 2008; Kaiser et 84 
al., 2012; Andela et al., 2015). 85 
 86 
1.2. Landscape Scale Fires and Smoke Emissions 87 
Including a sufficiently accurate spatio-temporal description of landscape fire 88 
emissions is a fundamental pre-requisite for certain atmospheric ‘information 89 
services’, including those aimed at studying long-range transport of air pollutants 90 
(Reid et al. 2009), the near-real time monitoring and forecasting of air quality (e.g. 91 
Sofiev et al. 2009; Kaiser et al. 2012) and the determination of atmospheric 92 
composition variations (Clerbaux et al., 2009; Ross et al. 2013). Furthermore, carbon 93 
accounting parameters derived from EO-derived FRP data are contributing to long-94 
term regional and global biomass burning emissions inventories (e.g. Remy and 95 
Kaiser 2014; Roberts et al. 2011; Vermote et al. 2009; Zhang et al. 2012), which in 96 
turn can be used to gauge compliance with international treaties on greenhouse gas 97 
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(GHG) and air pollutant emission ceilings. In this context, the type of very high 98 
temporal resolution active fire information available operationally in near real-time 99 
from SEVIRI (Figure 1a) are very complementary to the higher spatial resolution, but 100 
more temporally limited, views of the same fires available from polar orbiters (Figure 101 
1b) (e.g. Giglio et al. 2003; Wooster et al.; 2012; Schroeder et al., 2014). A high 102 
temporal resolution view is particularly useful because fires generally show 103 
substantial short term activity variations and radical diurnal shifts in behaviour 104 
(Roberts et al., 2009a; Andela et al., 2015). Rapidly supplied, regularly updated 105 
active fire information can even provide useful information for early warning and 106 
near-continuous tracking of new fire activity (e.g. Dlamini, 2007).  107 
Using an operational version of the geostationary Fire Thermal Anomaly (FTA) 108 
algorithm of Roberts and Wooster (2008), the MSG satellites provide high temporal 109 
resolution FRP data relating to fires burning across the African and European 110 
continents, and also the eastern edge of South America (see Supplement Figure S1 for 111 
the Meteosat Disk). Africa is considered the most 'fire affected' continent, responsible 112 
for ~ 30 - 50% of global burned area and a very significant proportion of annual 113 
global fire emissions (Andreae 1991; van der Werf et al. 2003; 2006). Landscape 114 
burning is also relatively common across parts of Europe, and occasionally extreme 115 
'wildfire' outbreaks can threaten large population centres and/or deliver acute air 116 
quality impacts, particularly in southern Europe (Liu et al., 2009; Baldassarre et al., 117 
2015; Roberts et al., 2015). The region of South America viewed by SEVIRI is 118 
primarily dry and moist forest, cerrado and croplands, which is also greatly fire 119 
affected, but because of the extreme SEVIRI view angles the FTA algorithm applied 120 
to the GOES Imager provides better geostationary FRP data here (Xu et al., 2010). 121 
 122 
1.3. LSA SAF Meteosat SEVIRI FRP Products 123 
Two Meteosat SEVIRI FRP products are delivered operationally in near real-time and 124 
archived form by the EUMETSAT LSA SAF (http://landsaf.ipma.pt) whose mission 125 
is described in Trigo et al. (2011). These are the Level 2 FRP-PIXEL product, 126 
delivered at SEVIRI's full spatial and temporal resolution, and the Level 3 spatio-127 
temporal summary FRP-GRID product. Here we document the algorithms and 128 
information content relevant to both products, focusing in particular on enhancements 129 
made to the prototype FTA algorithm first described in Roberts and Wooster (2008) 130 
and also to the retrievel of FRP and its associated uncertainties.  We illustrate how the 131 
SEVIRI pre-processing chain influences these retrievals, and demonstrate differences 132 
between the FRP-PIXEL and an alternative active fire product (WFABBA-SEVIRI) 133 
also being generated from SEVIRI observations. The companion paper (Roberts et 134 
al., 2015) provides detailed product performance evaluation, a much more extensive 135 
SEVIRI Fire Product intercomparison, and a demonstration of use of the FRP-PIXEL 136 
product in the characterisation of fire emissions within the Copernicus Atmosphere 137 
Monitoring Service (CAMS). Finally we provide recommendations for pre-processing 138 




2.  OVERVIEW OF THE LSA SAF FIRE RADIATIVE POWER (FRP) 141 
PRODUCT GENERATION 142 
 143 
2.1 Active Fire Data from the MSG Satellite Series  144 
There are a total of four spin-stabilised MSG satellites in orbit (Meteosat 8 to 11), 145 
launched in 2002, 2005, 2012 and 2015 respectively. Each rotates at a speed of 100 146 
rpm and provides Earth images from the SEVIRI spin scan radiometer (Aminou et al., 147 
1997; Aminou, 2002). The primary full Earth disk MSG observatory is located at 0° 148 
longitude, whilst the others provide Rapid Scanning Services over a reduced fraction 149 
of the Earth disk and/or backup capabilities.  150 
SEVIRI operates in 12 spectral channels (Aminou et al. 1997), and the fact that the 151 
mid-wave infrared (MWIR: IR3.9) and longwave infrared (LWIR: IR10.8 and 152 
IR12.0) bands (Channels 4, 9 and 10 in Table 1) are differently sensitive to the 153 
thermal radiance emitted by high temperature sources (e.g. Prins et al. 1998) allows 154 
SEVIRI in theory to detect actively burning fires covering as little as 10-4 of a pixel 155 
(Roberts et al., 2005; Wooster et al., 2013). However, the FTA algorithm must take 156 
care to prevent sunglint and other potentially confounding features being falsely 157 
identified as active fires, and this requires use of data from other SEVIRI spectral 158 
channels (Section 3). Confirmed active fire pixels have their FRP estimated using the 159 
MIR radiance method of Wooster et al. (2003; 2005; Section 4), with delivery of a 160 
full per-pixel FRP uncertainty measure provided using methods outlined in Section 5.  161 
 162 
2.2. SEVIRI Data Capture and Pre-processing 163 
As the Meteosat satellite spins (east-to-west), SEVIRI's scan mirror is stepped (south-164 
to-north) to build up an image of the full Earth disk over a period of ~ 12.5 minutes 165 
(Aminou, 2002). The full repeat cycle is ~15 min, though shorter if only part of the 166 
Earth disk is imaged. SEVIRIs diamond shaped pixels have an instantaneous field of 167 
view (IFOV) of 4.8 km × 4.8 km at the west African sub-satellite point (SSP), with an 168 
SSP ground sampling distance of 3 km (full width at half maximum; FWHM) and a 169 
final image resolution of around 6 km (Just, 2000; Aminou, 2002; Schmetz et al., 170 
2002; Calle et al. 2009). These distances increase with view zenith angle, yielding 171 
larger and more widely separated ground footprints further from the SSP.  172 
SEVIRI data are transmitted from the MSG satellites to the Primary Ground Station 173 
(PGS) in Usingen (Germany), and then sent to the Image Processing Facility (IMPF) 174 
at Darmstadt (Just 2000; Murphy, 2013) to be radiometrically/geometrically corrected 175 
and geolocated from level 1.0 to level 1.5. They are then forwarded to users, 176 
including the LSA SAF headquartered at the Instituto Portugues do Mar e da 177 
Atmosfera in Portugal (DaCamara, 2006; Trigo et al., 2011).  178 
 179 
2.3. Introduction to the LSA SAF Meteosat SEVIRI FRP Product Suite 180 
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As with all other current Level 2 LSA SAF products (Trigo et al., 2011) the FRP- 181 
PIXEL product is currently generated separately for the four geographic regions of 182 
the Meteosat disk: Europe (Euro), Northern Africa (NAfr), Southern Africa (SAfr), 183 
and South America (Same) (see Supplement Figure S1), though this split 184 
dissemination will soon be replaced by the delivery of full disk Level 2 products.  The 185 
Level 3 FRP-GRID product is already full disk, albeit at a reduced spatio-temporal 186 
resolution, and includes simple adjustments for cloud cover and for SEVIRI's inability 187 
to detect the lowest FRP fires (Freeborn et al., 2009),   188 
 189 
Each FRP-PIXEL product actually consists of two separate product files: (i) an 'FRP-190 
PIXEL List Product’ file that stores variables derived at each detected active fire 191 
pixel, and (ii) an 'FRP-PIXEL Quality Product’ file that contains a 2D array of flags 192 
recording the processing status of each SEVIRI pixel, not just those identified as 193 
containing active fires (e.g. whether the FTA algorithm classified a pixel as water, 194 
cloud contaminated, sun glint-affected, cloud-free but with no fires, or was classed as 195 
a confirmed 'true' active fire pixel etc). The Quality Product codes are shown in Table 196 
S1 of the Supplement, which also includes further details on product structure and 197 
accessibility (as does http://landsaf.ipma.pt). 198 
 199 
Because the FRP-PIXEL product files  are able to be delivered to users within one 200 
hour of image acquisition, and are thus more frequent and more timely than most 201 
other EO active fire products, they can capture the high frequency FRP fluctuations 202 
shown by landscape scale fires and may meet some of the demands for "rapid 203 
response/decision support" fire products (Frost and Annegarn, 2007). Figure 2 204 
illustrates one example of the spatio-temporal distribution of active fire data extracted 205 
from the 96 FRP-PIXEL List Product files covering southern Africa during a single 206 
day. Freeborn et al. (2014a) recently demonstrated that over regions of Central Africa, 207 
the FTA algorithm successfully detects fire pixels having an FRP down to around 10 208 
MW. However, below around 30-40 MW active fire pixel counts are increasingly 209 
underestimated due to the difficulty in detecting these lower FRP fire pixels within 210 
the relatively coarse SEVIRI pixels, and Figure 2 indicates very low numbers of fire 211 
pixels with an FRP less than 25 MW are detected on this day. Adjustments are 212 
applied in the FRP Grid Product to account for this effect and thus better estimate 213 
landscape-scale regional FRP totals (Section 6).   214 
 215 
3. OPERATIONAL IMPLEMENTATION OF THE GEOSTATIONARY FIRE 216 
THERMAL ANOMALY (FTA) ALGORITHM 217 
 218 
3.1. The FRP-PIXEL Product Processing Chain 219 
The LSA SAF FRP Product processing chain (Figure 3) ingests level 1.5 SEVIRI data 220 
calibrated into mW.m-2.sr-1.(cm-1)-1, and also into kelvins for the infrared channels. 221 
The online Algorithm Theoretical Basis Document (ATBD) available at 222 
http://landsaf.ipma.pt provides full details, whereas we provide here the key features 223 
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and operational enhancements made beyond the Roberts and Wooster (2008) FTA 224 
algorithm prototype. 225 
 226 
3.2. Pre-Processing Stage: Water, Cloud and Smoke Discrimination  227 
Sunglints from water can result in false active fire detections (Zhukov et al., 2006), so 228 
SEVIRI pixels containing major water bodies are masked using the 1 km Global Land 229 
Cover (GLC 2000) map of Mayaux et al. (2004). Clouds can cause similar problems,  230 
and may also contaminate the background window characteristics used in the 231 
"contextual" active fire pixel confirmation stage (Section 3.5), but smoke need not be 232 
masked since active fires often remain highly detectable through smoke (Libonati et 233 
al. 2010). LSA SAF processing currently uses the Nowcasting and Very Short Range 234 
Forecasting SAF (NWC SAF; www.nwcsaf.org) cloud mask (CMa; Derrien and Le 235 
Gleau, 2005), with CMa pixels reclassed as non-cloudy for the fire application if their 236 
cloudy classification is based on either of the following tests, which are fully detailed 237 
in Derrien and Le Gleau (2005) and MeteoFrance (2010): 238 
 239 
(i) the Local Spatial Texture test, applied to a 3 × 3 pixel window to detect broken 240 
clouds/cloud edges by exploiting the higher spatial variations typical of visible (0.6 241 
μm), NIR (0.8 μm) and/or LWIR channel measures around such features. Areas of 242 
active fire and smoke often show similar spatial variations, so the test is inappropriate 243 
here. 244 
 245 
(ii) the Brightness Temperature Difference (BTD; 𝐵𝐵𝐵𝐵3.9 − 𝐵𝐵𝐵𝐵10.8) test, which detects 246 
semi-transparent clouds at night and low-level clouds during the day, exploiting the 247 
lower water cloud emissivity in the SEVIRI IR3.9 channel as compared to the IR10.8 248 
channel. BTD increases over active fires and so a CMa BTD classified pixel only 249 
remains as cloudy if it passes the following three conditions: 250 
 251 
    𝐵𝐵𝐵𝐵3.9 − 𝐵𝐵𝐵𝐵10.8 > 6.0 𝐾𝐾 (1) 252 
 253 
𝐵𝐵𝐵𝐵10.8 − 𝐵𝐵𝐵𝐵12.0 > 1.5 𝐾𝐾 (2) 254 
 255 
𝐿𝐿3.9
𝐿𝐿0.64 < 0.7   (3) 256 
 257 
    258 
where 𝐵𝐵𝐵𝐵3.9, 𝐵𝐵𝐵𝐵10.8, and 𝐵𝐵𝐵𝐵12.0 are the pixel brightness temperatures in the SEVIRI 259 
IR3.9 (MWIR), IR10.8 μm (LWIR) and IR12.0 μm (LWIR) channels respectively, 260 
and 𝐿𝐿3.9  and 𝐿𝐿0.64  are the spectral radiances in the IR3.9 and VIS0.6 μm (visible) 261 
channels respectively (see Table 1). 262 
 263 
(iii) The Spatial Smoothing test, which fills in cloud detection 'gaps' in areas of semi-264 
transparent cloud. If at least three pixels immediately surrounding a cloudy pixel were 265 




CMa cloud mask pixels remaining after the above adjustments are assigned Class 3 268 
('Cloud') in the FRP-PIXEL Quality Product (Supplement Table S1). As an indication 269 
of the importance of our CMa cloud mask adaptations, one day of SEVIRI data of 270 
southern Africa (7 July 2004) was processed using both the standard and adjusted 271 
CMa masks, and was found to show 22% fewer 'confirmed' active fire pixels in the 272 
former case. However, despite the adjusted CMa mask being far better suited to FRP 273 
product cloud screening, Freeborn et al. (2014a) demonstrate that its performance 274 
substantially differs from that of the simpler masks used, for example, within the 275 
MODIS MOD14/MYD14 Active Fire and Thermal Anomaly products (Giglio et al., 276 
2003). For example, whilst the adjusted SEVIRI CMa masks thinly and partially 277 
cloud-covered pixels, the MOD14/MYD14 product often allows fire detection in such 278 
areas (Figure 4), albeit the retrieved FRP values maybe perturbed. To assess the 279 
potential for the retrieval of FRP values under thinly and/or partially cloud covered 280 
SEVIRI pixels, an analysis was made using an additional 'cloud type' mask where 281 
cloudy pixels are further classified according to their optical characteristics obtained 282 
from the NWC SAF cloud type product (CT; Derrien and Le Gleau, 2005). For this 283 
analysis, five days of SEVIRI data over Southern Africa were processed using the 284 
FTA algorithm and potential active fire pixels split into two classes: in clear sky or 285 
under optically thin cloud cover (overlying CT mask values of 15, 16, 17 or 286 
19).  Following the standard processing of the potential active fire pixels as shown in 287 
Figure 3, it was found that only ~0.01% of those under the optically thin cloud cover 288 
were finally classed as confirmed fire pixels. This was initially assumed to be due to 289 
the sunglint screening employed by the FTA algorithm, since cloud contaminated 290 
pixels typically exhibit increased radiances in visible channels, leading to their 291 
rejection in the MIR/RED ratio test (Section 3.4).  However, when the sunglint 292 
screening tests were removed similar results were obtained, with the almost all 293 
potential active fire pixels being instead rejected at the background characterisation 294 
step (Section 3.5), i.e. too few suitable background pixels were located in regions of 295 
optically thin cloud to effectively characterise the potential fire pixel background. 296 
Figure 5 shows boxplots of the mean background and potential fire pixel IR3.9 BT 297 
and IR3.9 - IR10.9 BT difference for this dataset. Under clear sky conditions, the 298 
median IR3.9BT for potential active fire pixels is 306.2 K and for the background 299 
303.4 K. Under optically thin cloud these values lower to 298.9 K and 298.1 K 300 
respectively, and the difference between the IR3.9BT of fire and non-fire pixels thus 301 
generally reduces.  For the BT difference, the median potential active fire pixel signal 302 
under clear sky is 4.2 K, and the background 2.2 K. Under optically thin cloud these 303 
increase to 10.2 K and 9.3 K respectively, with again generally less difference 304 
between the fire and non-fire pixels. These results demonstrate that potential active 305 
fire pixels located under optically thin cloud (as defined by the CT mask) often do not 306 
produce as strong a contrast with the background as do active fire pixels burning 307 
under clear sky conditions, resulting in the fire signal under optically thin cloud often 308 
being too weak for the FTA algorithm to detect. For this reason, no further attempt to 309 
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detect active fire pixels burning under cloud was made in the current LSA SAF 310 
processing chain. 311 
  312 
Figure S2 in the Supplementary Materials shows an example of the final FRP-PIXEL 313 
Quality Product classification scheme, where fires are seen but where most pixels are 314 
cloudy and non-cloudy land pixels or 'not processed' water pixels (masked even prior 315 
to the cloud masking stage). To further minimize numbers of false active fire 316 
detections caused by unmasked cloud or water, the FTA algorithm originally masked 317 
certain pixels immediately neighbouring cloudy pixels or which are within two pixels 318 
of a 'not processed' water body pixel (masked as “Cloud/Water Edge” (Class 8; Table 319 
S1) if they fail to show a strong IR3.9 channel (𝐵𝐵𝐵𝐵3.9) signal: 320 
 321 
𝐵𝐵𝐵𝐵3.9 < 320 𝐾𝐾 (4) 322 
 323 
Whilst this test was designed to limit numbers of false fire detections, more recent 324 
testing indicated that the adjusted CMa mask is so effective at detecting cloud that the 325 
further cloud-edge test is unnecessary. Its removal successfully reduces errors of 326 
omission of active fires with respect to the MODIS active fire products by ~2% (FTA 327 
algorithm omission errors are around 70%; see Roberts et al., 2015 for details).  328 
Similar testing for the water edge masking showed however that errors of commission 329 
increased by ~1% on its removal, and so the test was left in place despite it meaning 330 
that many fires burning immediately next to water bodies fail to be detected. Water 331 
edge pixels are class 11 in the Quality Product (Table S1).  332 
 333 
3.3.  Identification of Potential Fire Pixels (PFP’s) 334 
This part of the FTA algorithm (boxed in Figure 3) identifies all SEVIRI level 1.5 335 
pixels that potentially could contain actively burning fires. First, two spectral 336 
thresholding tests related to the IR3.9 (𝐵𝐵𝐵𝐵3.9) and BTD (𝐵𝐵𝐵𝐵3.9 - 𝐵𝐵𝐵𝐵10.8) signals must 337 
be passed, with thresholds varying with solar zenith angle (𝜃𝜃𝑠𝑠):  338 
 339 
     𝐵𝐵𝐵𝐵3.9 > 𝐶𝐶11𝜃𝜃𝑠𝑠 + 𝐶𝐶12   (5)  340 
     𝐵𝐵𝐵𝐵3.9 - 𝐵𝐵𝐵𝐵10.8 > 𝐶𝐶21𝜃𝜃𝑠𝑠 + 𝐶𝐶22  (6) 341 
 342 
where 𝐶𝐶11  (-0.3 and 0.0), 𝐶𝐶12  (310.5 K and 280 K), 𝐶𝐶21  (-0.0049 and 0.0) and 𝐶𝐶22 343 
(1.75K and 1.0 K) are constants applied when 𝜃𝜃𝑠𝑠 > 60° and < 60° respectively. The 344 
advantage of using these relatively low BT thresholds to discriminate any pixel 345 
conceivably containing an active fire is somewhat counteracted by fact that large 346 
areas of homogeneously sun warmed areas can often also exceed them, leading to 347 
significant and unwanted computational demands during subsequent processing 348 
stages. To avoid this, a series of standard high pass ‘edge detecting’ spatial filters of 349 
size 3 × 3, 5 × 5 and 7 × 7 pixels are applied to the BTD (𝐵𝐵𝐵𝐵3.9 - 𝐵𝐵𝐵𝐵10.8) image, and 350 
each PFP output from Tests (5) and (6) must pass the following two tests to remain as 351 




 𝑃𝑃 = 𝐻𝐻𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 ≥ 𝐷𝐷𝐵𝐵 × 𝛿𝛿𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓  (7) 354 
    𝐷𝐷𝐵𝐵 = 2.5 − 0.012 × 𝜃𝜃𝑠𝑠  (8) 355 
 356 
where  𝐻𝐻𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 is the output of the high pass spatial filter, and 𝛿𝛿𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 is a threshold that 357 
in the FTA prototype was taken as the standard deviation of the filtered BTD image. 358 
To further minimise computational demands during real-time processing, in the 359 
operational FTA algorithm 𝛿𝛿𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 was derived once for each filter size for each daily 360 
timeslot using four exemplar SEVIRI images, and the minimum 𝛿𝛿𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓  for each 361 
timeslot and filter size used in Equation (7) during operational processing. The 362 
dynamic nature of this threshold is now being returned to the operational chain 363 
(Figure 3), since new testing has shown that use of the dynamic threshold reduces 364 
active fire detection errors of commission with respect to MODIS by 2% compared to 365 
the static case (see Roberts et al., 2015). 366 
 367 
3.4 Sunglint Detection 368 
A sunglint angle (𝜃𝜃𝑔𝑔 ) is defined for each SEVIRI pixel according to Prins et al. 369 
(1998), and those pixels with 𝜃𝜃𝑔𝑔 < 5° are coded as glint-affected ‘Class 4’ in the FRP-370 
PIXEL Quality Product (Table S1) and removed prior to the tests described in Section 371 
3.3. Two further glint tests are applied after PFP identification, to discriminate more 372 
ambiguous glint using the ratio of the IR3.9 and VIS0.6 spectral radiances:  373 
    𝐿𝐿3.9
𝐿𝐿0.64 <  0.7𝑝𝑝    (9) 374 
    (2 − 𝑝𝑝) ∙ 𝐿𝐿3.9
𝐿𝐿10.8 < 0.0195 (10) 375 
 376 
where 𝐿𝐿3.9, 𝐿𝐿0.64 and 𝐿𝐿10.8 are the spectral radiance of the IR3.9, VIS0.6  and IR10.8 377 
channels respectively, and 𝑝𝑝 can take a value of either 1 or 2. We assume that the 378 
absence of nearby cloud makes it less likely that a particular PFP is caused by glint, 379 
so tests (9) and (10) work on the 15 × 15 pixel window surrounding each PFP, and if 380 
this window contains a cloudy pixel then 𝑝𝑝 is set to 1, otherwise to 2. Pixels satisfying 381 
these two tests are coded as ‘possibly glint affected’ (Class 5), whilst all processed 382 
pixels not belonging to the potential fire pixel (PFP) set and which have not yet 383 
received an alternative classification are coded as Class 0 (‘not a potential fire pixel’). 384 
 385 
3.5 Contextual Active Fire Detection 386 
During this Stage, an expanding 'background window' surrounding each PFP is used 387 
to calculate a set of metrics against which the PFP signal is compared, to confirm 388 
whether or not it should be classed as a presumed 'true' fire pixel. The window starts 389 
at 5 × 5 pixels and expands until sufficient pixels meet the validity criteria outlined in 390 
Roberts and Wooster (2008); namely being cloud free, not a PFP, and passing the 391 
following tests which relate, respectively, to not showing the types of spectral 392 
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signature associated with a possible fire pixel (Tests 11 and 12), not being affected by 393 
remaining sunglint (Test 12), and having spectral signatures less like a fire than that 394 
of the PFP under test (Tests 14 and 15). 395 
 396 
   𝐿𝐿3.9
𝐿𝐿10.8 < 0.0195     (11) 397 
𝐵𝐵𝐵𝐵3.9 − 𝐵𝐵𝐵𝐵10.8  < 10 𝐾𝐾    (12)  398 
   𝜃𝜃𝑔𝑔  > 2°      (13) 399 
   𝐵𝐵𝐵𝐵3.9 − 𝐵𝐵𝐵𝐵10.8  < (𝐵𝐵𝐵𝐵3.9 − 𝐵𝐵𝐵𝐵10.8)𝑃𝑃𝑃𝑃𝑃𝑃         (14)  400 
   𝐵𝐵𝐵𝐵3.9 < 𝐵𝐵𝐵𝐵𝑃𝑃𝑃𝑃𝑃𝑃3.9         (15) 401 
 402 
Where the terms retain their already identified meanings, and 𝐵𝐵𝐵𝐵𝐷𝐷𝑃𝑃𝑃𝑃𝑃𝑃 and 𝐵𝐵𝐵𝐵𝑃𝑃𝑃𝑃𝑃𝑃3.9  403 
are, respectively, the BT difference of the potential fire pixel calculated using the 404 
IR3.9 and IR10.8 SEVIRI channels, and the PFPs IR3.9 channel BT. 405 
When defining the operational FTA algorithm, we investigated the detailed 406 
characteristics of the aforementioned background window, aiming to elucidate the 407 
cause and consequences of certain SEVIRI imaging artefacts that impact the required 408 
statistics (e.g. the lowered IR3.9 brightness temperatures seen surrounding certain 409 
active fire pixels in Figure 6). To deliver the anti-aliased properties specified for 410 
SEVIRI level 1.5 imagery (Just, 2000; Deneke and Roebeling 2010), a Finite Impulse 411 
Response (FIR) digital filter is applied to each line of SEVIRI data, the filter 412 
consisting of a symmetric Sinc function having 17 coefficients (including some 413 
negative coefficients, Figure 7a), multiplied by a modified Kaiser window function. 414 
Such filtering can have particularly significant consequencies in areas of high image 415 
contrast, and to investigate this we convolved the FIR filter with the SEVIRI point 416 
spread function (PSF) (Figure 7b) and applied the result to simulated thermal imagery 417 
containing active fires derived at a spatial resolution 10× higher than that of the native 418 
SEVIRI pixels. The convolution of the negative coefficients of the FIR filter and the 419 
strong IR3.9 channel active fires signals led to substantial decreases in the output 420 
IR3.9 channel brightness temperatures, both up- and down-scan of the fire pixel itself 421 
(Figure 6a), an effect mirroring that seen in real level 1.5 SEVIRI data (Figure 6b). 422 
Further simulations, including of larger fires (e.g. Figure 7c and 7d), indicate that the 423 
orientation of the fire along or perpendicular to the SEVIRI scan line, and even the 424 
fires sub-pixel location, affects the final image details. Freeborn et al. (2014b) 425 
recently demonstrated how the sub-pixel fire location affects the MODIS-measured 426 
FRP, an effect previously identified with the BIRD HotSpot Recognition Sensor 427 
(Zhukov et al., 2006). Calle et al. (2009) also reported related phenomena in SEVIRI 428 
data. Our simulations lead us to conclude that FIR-filter 'smearing' of the fire emitted 429 
spectral radiance into neighbouring pixels, and the depression of the IR3.9 BT of 430 
neighbouring pixels, can have significant consequences for active fire observations, 431 
particularly so if pixels now containing some of the fire emitted signal are not 432 
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themselves sufficiently strongly radiating to be detected as active fires (and/or if the 433 
background window statistics are unduly contaminated by lowered IR3.9 BTs). 434 
Based on our simulations, we requested a period of Meteosat 'special operations', 435 
where near-simultaneous data from two MSG satellites could be compared with and 436 
without the FIR filter applied. These data are more fully described in Section 5.2, and 437 
confirm that decreased IR3.9 channel BTs are not seen neighbouring strongly 438 
radiating active fire pixels when Level 1.5 imagery is pre-processed without the FIR 439 
filter being applied (Figure 8). Further analysis confirms that when calculating the 440 
ambient background window statistics for a potential fire pixel (PFP), excluding the 441 
eight pixels immediately neighbouring the PFP improves the ambient background 442 
representation, since these are most affected by the FIR filtering (Figure 8). This 443 
exclusion is implemented in the operational FTA algorithm, as well as the 444 
requirement that when θs > 70° any further retained background window pixel must 445 
satisfy 𝐵𝐵𝐵𝐵3.9 > 270 𝐾𝐾. 446 
The expanding background window starts at 5 × 5 pixels, and expands by two in each 447 
direction until 65% of pixels are considered valid according to the aforementioned 448 
criteria (excluding the central 3 × 3 pixels). For more than 95% of PFPs, a 5 ×449 5 window is sufficient to meet this criteria, but expansion up to 15 × 15 is allowed.  450 
In very rare cases where this is insufficient, the PFP is coded as having ‘insufficient 451 
background pixels’ for confirmation as an active fire ('Class 6') in the FRP-PIXEL 452 
Quality Product (Table S1). In all other cases, a series of statistical metrics derived 453 
from the correctly sized background window are used in a set of 'spatial contextual’ 454 
tests to confirm whether the PFP can be classed as a 'true fire pixel'. These 455 
confirmatory tests are fully described in Roberts and Wooster (2008), and remain 456 
unaltered in the operational FTA algorithm and so are not detailed here. They rely on 457 
the assumption that the statistical average of the valid background window is 458 
representative of the signal the central 'PFP' would have had if it had not contained a 459 
fire, and this was examined by selecting random non-fire level 1 pixels and re-460 
classifying them as PFPs such that their signals could be compared to those of their 461 
background windows (Figure 9). Apart from GLC2000 pixels classed as 'swamp', for 462 
80% of cases examined the mean IR3.9 channel BT of the background window was 463 
within 1 K of the central 'PFP' pixel 𝐵𝐵𝐵𝐵3.9, and always within 2 K. 'Swamp' forms a 464 
very small fraction of the SEVIRI disk, and differences here increased up to 6 K, 465 
presumably due to spatially varying percentage covers of water and land. 466 
Furthermore, in all cases the standard deviation of the background window IR3.9 467 
channel spectral radiance was always larger than the actual difference between that of 468 
the central pixel and the window mean, and since the former provides a measure of 469 
the background window characterisation random error for use during FRP uncertainty 470 
specification (Section 5.1), this indicates the conservative nature of the resulting 471 
uncertainty estimate. 472 
Based on the results of the background window spatial contextual tests, PFPs classed 473 
as 'true fire pixels' are coded as Class 1 in the Quality Product (Table S1), and have 474 
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their FRP derived (Section 5). For confirmed fire pixels with a saturated IR3.9 475 
channel signal (𝐵𝐵𝐵𝐵3.9  ≥ 335 𝐾𝐾 ), FRP is still estimated but with adjustments for 476 
channel saturation (Section 5.2.1) and the pixel is coded as Class 2. PFPs failing the 477 
spatial contextual tests altogether are coded as Class 7 (Table S1). After this each 478 
confirmed fire pixel is given a detection confidence measure (0 to 1), based on the 479 
approach of Giglio et al. (2003) as described in Roberts and Wooster (2008).  480 
 481 
4. FRP DERIVATION 482 
 483 
4.1 Derivation of Per-Pixel FRP Values 484 
All confirmed active fire pixels (Classes 1 and 2 in the FRP-PIXEL Quality Product) 485 
have their FRP estimated using the MWIR radiance method of Wooster et al. (2003; 486 
2005). This requires quantification of the fires’ contribution to the active fire pixels 487 
elevated IR3.9 channel signal, and bases this on the difference between the fire pixels’ 488 
IR3.9 channel spectral radiance (𝐿𝐿𝑓𝑓)  and the mean spectral radiance (𝐿𝐿𝑏𝑏) of the 489 
surrounding background window: 490 
 491 
     492 
    𝐹𝐹𝐹𝐹𝑃𝑃 = 𝜋𝜋𝜋𝜋𝐴𝐴𝑛𝑛
𝜏𝜏𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝐶𝐶𝑎𝑎cos (𝜃𝜃𝑣𝑣) �𝐿𝐿𝑓𝑓 − 𝐿𝐿𝑏𝑏�  (16) 493 
 494 
where  𝐿𝐿𝑓𝑓  𝑎𝑎𝑎𝑎𝑎𝑎 𝐿𝐿𝑏𝑏   are expressed in mW. m−2. sr−1. (cm−1)−1 ) , 𝜏𝜏𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀  is the 495 
atmospheric transmittance calculated for the SEVIRI IR3.9 channel, 𝐶𝐶𝑎𝑎 (mW.m-2.sr-496 
.(cm-1)-1.K-4) is a constant determined according to Wooster et al. (2003;  2005), 𝜃𝜃𝑣𝑣 is 497 
the view zenith angle (°) and 𝐴𝐴𝑛𝑛 is the SEVIRI ground pixel area at the sub-satellite 498 
point (km²)  499 
 500 
4.2 Method for FRP Atmospheric Correction 501 
Wooster et al. (2005) demonstrate that the primary atmospheric effect with regard to 502 
FRP derivation is the non-unitary MWIR atmospheric transmission (τMWIR), and that 503 
upwelling atmospheric path radiance and reflected downwelling atmospheric radiance 504 
are able to be neglected due to the fire pixel and immediately surrounding background 505 
area radiances are differenced in Equation 16. However, the specification of τMWIR is 506 
complicated by the fact that the transmittance and fire-emitted spectral radiance 507 
signals are far from uniform across the SEVIRI's IR3.9 spectral bandpass. Figure 10 508 
shows the IR3.9 band spectral response function along with the transmittance of the 509 
US standard atmosphere. The impact of the strong CO2 absorption band on overall 510 
atmospheric transmission upwards of ~ 4.0 µm can be clearly seen, and SEVIRIs 511 
IR3.9 band remains sensitive to MWIR radiation at wavelengths longer than 4.2 µm, 512 
though in fact no surface-emitted radiance reaches the sensor directly at these 513 
wavelengths. Many other atmospheric absorption features are seen across the 514 
bandpass, many of which depend on the atmospheric total column water vapour 515 
(TCWV) content. Also plotted on the right hand side y-axis of Figure 10 is the bottom 516 
of atmosphere (BOA) spectral radiance emitted by a 310 K blackbody, along with the 517 
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equivalent top of atmosphere (TOA) measure calculated using MODTRAN 5 (Berk et 518 
al., 2005). 519 
When selecting the appropriate atmospheric transmittance to derive a band-integrated 520 
TOA radiance signal from a BOA measure, it is quite common to use a band-averaged 521 
τMWIR (e.g. Qin and Karnieli, 1999). However, as can be seen in Figure 10, this not 522 
fully appropriate with regard to SEVIRI's IR3.9 band, across which the atmospheric 523 
transmittance and ground (and fire) emitted spectral radiance vary significantly. 524 
Specifically, across SEVIRI's IR3.9 band, atmospheric transmittance generally 525 
decreases with increasing wavelength, whereas upwelling spectral radiance generally 526 
increases. Converting the band-integrated TOA spectral radiance to a BOA measure 527 
simply using the mean τMWIR calculated across the IR3.9 spectral bandpass would 528 
therefore increase the contribution of the shorter wavelength TOA signal to the band-529 
integrated BOA spectral radiance too much, and the longer wavelength signal too 530 
little. This effect is more significant here than for narrowband channels such as the 531 
MODIS 3.95 µm Band 21, because SEVIRIs IR3.9 band has significant sensitivity 532 
around the 4.2 µm CO2 absorption region where MWIR atmospheric transmittance is 533 
at its lowest but the surface emitted signal is at its highest. Using a band-averaged 534 
τMWIR to convert the TOA radiance simulated in Figure 10 to a BOA signal results in 535 
a latter estimate almost 10% too low, even when the band-averaged transmittance 536 
includes consideration of the spectral response function weighting. 537 
 538 
In simulations such as those shown in Figure 10, the spectral shape of the surface 539 
emitted signal and the atmospheric transmittance spectrum are known, and can be use 540 
to apply the correct transmittance at each observation wavelength. However, true 541 
SEVIRI IR3.9 observations do not resolve the incoming signals spectral behaviour. 542 
Therefore, the 𝜏𝜏𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 to include in Equation 16 is best calculated as an effective (or 543 
'pseudo') atmospheric transmittance, determined from pre-computed radiative transfer 544 
simulations of top-of-atmosphere (TOA) and bottom-of-atmosphere (BOA) fire pixel 545 
and background pixel spectral radiance difference signals: 546  547 
    𝜏𝜏𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 = �∫ 𝐵𝐵(𝑇𝑇𝑓𝑓� )𝑇𝑇𝑇𝑇𝑇𝑇53 −∫ 𝐵𝐵(𝑇𝑇𝑏𝑏� )𝑇𝑇𝑇𝑇𝑇𝑇53 ��∫ 𝐵𝐵(𝑇𝑇𝑓𝑓� )𝐵𝐵𝑇𝑇𝑇𝑇53 −∫ 𝐵𝐵(𝑇𝑇𝑏𝑏� )𝐵𝐵𝑇𝑇𝑇𝑇53 �  (17) 548 
 549 
 550 
where ∫ 𝐵𝐵(𝐵𝐵� )53  indicates the spectral radiance calculated using the Planck function at 551 
brightness temperature T (Kelvin), convolved with the spectral bandpass of the 552 
SEVIRI IR3.9 band and integrated over the 3-5 µm spectral range, the subscripts f and 553 
b correspond to the fire pixel and the background windows respectively, and the 554 
superscripts BOA and TOA indicate the bottom- and top-of-atmosphere measures. 555 
For the operational LSA SAF processing chain generating the FRP-PIXEL products, 556 
Equation (17) was used to generate a look-up-table (LUT) of 𝜏𝜏𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 using the 557 
RTMOM and latterly the MODTRAN5 atmospheric radiative transfer models 558 
(Govaerts 2006 and Berk et al. 2005 respectively) with varying total column 559 
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atmospheric water vapour (TCWV) content (UH2O; varying between 0.5 and 60 kg.m-560 
²), view zenith angle (𝜃𝜃𝑣𝑣), a range of standard atmospheres (tropical, mid-latitude 561 
summer, etc), fire pixel (𝐵𝐵𝑓𝑓) and background pixel (𝐵𝐵𝑏𝑏) pixel integrated brightness 562 
temperatures (300 - 330 K and 290 - 320 K respectively), aerosol optical thicknesses, 563 
and atmospheric CO2 and ozone column amounts. At the latitude/longitude location 564 
and view zenith angle (𝜃𝜃𝑣𝑣) of each confirmed active fire pixel identified by the FRP-565 
PIXEL processing chain, 𝜏𝜏𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀  is retrieved from this LUT based on the TCWV 566 
content taken from ECMWF short-term forecasts available at 0.5° spatial resolution 567 
every 3 hrs. As an example, at the sub-satellite point (𝜃𝜃𝑣𝑣 =  0) for a typical UH2O of 568 
20 kg m-² and a mid-latitude summer atmosphere, Equation (17) indicates 𝜏𝜏𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 as 569 
0.69 for use in Equation (16), compared to 0.74 for the IR3.9 band-averaged value. 570 
During this process, the uncertainty in the effective  𝜏𝜏𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 (𝜎𝜎𝜏𝜏) is also specified for 571 
use in the uncertainly calculations described in Section 5. 572 
 573 
5. FRP UNCERTAINTY CALCULATIONS AND THE MSG 'SPECIAL 574 
OPERATIONS MODE' OBSEVERVATION PERIOD 575 
 576 
5.1 FRP Uncertainty Formulation 577 
A full per-pixel FRP uncertainty (𝜎𝜎𝑃𝑃𝑀𝑀𝑃𝑃, MW) is specified at each detected active fire 578 
pixel in the FRP-PIXEL product, derived by combining the absolute uncertainties 579 
(𝜎𝜎𝑉𝑉𝑉𝑉) of the four variables (𝐶𝐶𝑎𝑎, 𝜏𝜏𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀, 𝐿𝐿𝑓𝑓 and 𝐿𝐿𝑏𝑏) of Equation 16:  580 
 581 
                                              𝜎𝜎𝑃𝑃𝑀𝑀𝑃𝑃 = 𝐹𝐹𝐹𝐹𝑃𝑃�∑ 𝜎𝜎𝑉𝑉𝑉𝑉2 �𝜕𝜕𝑃𝑃𝑀𝑀𝑃𝑃𝜕𝜕𝑉𝑉𝑉𝑉 �24𝑉𝑉=1                                  (18)  582 
 583 
where Vk represents the variables of Equation 16 (𝐶𝐶𝑎𝑎, 𝜏𝜏𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀, 𝐿𝐿𝑓𝑓 and 𝐿𝐿𝑏𝑏 respectively) 584 
and where the absolute uncertainties (σVk) in these are assumed uncorrelated. Solving 585 
for the partial derivatives in Equation (18) gives: 586 
  𝜎𝜎𝑃𝑃𝑀𝑀𝑃𝑃  =  𝐹𝐹𝐹𝐹𝑃𝑃 ��𝜋𝜋𝐶𝐶𝑎𝑎𝐶𝐶𝑎𝑎 �2 + �𝜋𝜋𝜏𝜏𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝜏𝜏𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 �2 + � 𝜋𝜋𝐿𝐿𝑏𝑏𝐿𝐿𝑓𝑓 −𝐿𝐿𝑏𝑏�2 +  � 𝜋𝜋𝐿𝐿𝑓𝑓𝐿𝐿𝑓𝑓 −𝐿𝐿𝑏𝑏�2�1 2�587 
 (19) 588 
 589 
where each term takes the following values: 590 
 591 
𝜎𝜎𝐶𝐶𝑎𝑎  is the variability in the 𝐶𝐶𝑎𝑎  'FRP coefficient' (mW.m
-2.sr-.(cm-1)-1.K-4) used in 592 
Equation 16, which across the specified active fire temperature range of 650 - 1350 K 593 
equates to a �
σCa Ca� � value of ~ 10% (Wooster et al., 2005).   594 
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𝜎𝜎𝜏𝜏𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 is the variability in calculated atmospheric transmissivity, specified in Section 595 
4.2 and resulting from uncertainties in the TCWV and in other atmospheric 596 
parameters used in the radiative transfer modelling. 597 
σ𝐿𝐿𝑏𝑏  is the standard deviation of the background window pixels spectral radiance 598 
(mW.m-2.sr-1.(cm-1) -1), calculated as discussed in Section 3.5 and adjusted for the 599 
atmospheric pseudo transmittance (𝜏𝜏𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀).  600 
  601 
𝜎𝜎𝐿𝐿𝑓𝑓 is the uncertainty in the measured fire pixel spectral radiance (mW.m
-2.sr-1.(cm-1) -602 
1) resulting from a combination of (i) the SEVIRI sensors radiometric noise (𝜎𝜎𝐿𝐿), (ii) 603 
instances of IR3.9 band sensor saturation (𝜎𝜎𝑆𝑆 ), and (iii) influences from the pre-604 
processing steps used to generate the SEVIRI level 1.5 data from the raw observations 605 
(termed here εp), for example the application of the FIR filter detailed in Section 3.5. 606 
These three contributions are represented by the three fractional terms of Equation 607 
(20), where 𝐿𝐿𝑓𝑓 remains as the measured radiance of the active fire pixel (mW.m
-2.sr-608 
1.(cm-1)-1) and 𝑆𝑆  is its estimated adjusted radiance in the case of IR3.9 channel 609 
saturation (see Section 5.2.1 for specification of S and 𝜎𝜎𝑆𝑆):   610 
𝜎𝜎𝐿𝐿𝑓𝑓 = 𝐿𝐿𝑓𝑓���𝜋𝜋𝐿𝐿𝐿𝐿𝑓𝑓�2 + �𝜋𝜋𝑆𝑆𝑆𝑆 �2 + 𝜀𝜀𝑝𝑝2�  (20) 611 
 612 
The “end of life” radiometric noise prediction of the SEVIRI IR3.9 channel is 0.17 K 613 
(Schmetz et al. 2002; Hewison and Muller 2013), translating to 𝜎𝜎𝐿𝐿  = 0.038 614 
mW/m2/sr/cm-1 (0.025 W/m2/sr/µm). To specify the remaining terms, a series of 615 
unique Meteosat-8 SEVIRI observations were made. 616 
 617 
5.2 Meteosat-8 Special Operations Mode: Data Collection and Analysis 618 
Between 3rd – 7th September 2007, Meteosat 8 was operated in 'rapid scan' mode, 619 
imaging every four minutes between 3° N and 33° S, with a cycle of additional  620 
adjustments: 621 
 622 
i) 'Low gain' operation of the IR3.9 channel, allowing measurements to 375 K. 623 
 624 
ii) Alteration of the Meteosat Main Detection Unit (MDU) standard SEVIRI 625 
Finite Impulse Response (FIR) filter ( Figure 7) to a 1 pixel wide rectangular 626 
‘top-hat’ function that allows the original observations to be transmitted to the 627 
Primary Ground Station for use in level 1.5 generation. 628 
  629 
The Meteosat-8 'Special Operations' period was aimed at both assessing the individual 630 
uncertainty terms in Equation (20), and their aggregate effect. Near-simultaneous 631 
observations from the normally operating Meteosat-9 were acquired for comparison. 632 
 633 
5.2.1 Effect of IR3.9 Band Saturation 634 
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SEVIRI saturates at a DN of 1023, equating to an IR3.9 channel brightness 635 
temperature (𝐵𝐵𝐵𝐵3.9) of just over 335 K (~ 3.6 mW m-² sr-1 (cm-1) -1) in standard 636 
operating mode. Roberts and Wooster (2008) reported that IR3.9 saturation normally 637 
occurs in no more than a few percent of level 1.5 active fire pixels, coded as Class 2 638 
in the FRP-PIXEL Quality Product (Table S1). Although such pixels share the same 639 
𝐵𝐵𝐵𝐵3.9, application of Equation (16) would not necessarily give them the same FRP, 640 
since this depends also on the background window radiance, pixel area (and thus view 641 
zenith angle; 𝜃𝜃𝑣𝑣) and 𝜏𝜏𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀. Around the SSP, IR3.9 saturation occasionally occurs at 642 
FRPs as low as 45 MW, if the fire is burning upon a particularly warm daytime 643 
background (≥ 330 K), but more typically at ~ 250 MW.  Further from the SSP, FRPs 644 
more than double this can be measured without saturation. Our primary aim was to 645 
determine which FRP (S) to record at saturated IR3.9 pixels, and with what 646 
uncertainty (𝜎𝜎𝑠𝑠), which is used in Equation 20. Barnie et al. (2015) tackled a similar 647 
problem with respect to volcanic thermal features. 648 
 649 
We first explored the impact of the level 1.0 to level 1.5 IMPF conversion procedures, 650 
which involve geometrically resampling data using a bi-cubic function. We found 651 
IR3.9 saturation to be more prevalent in the level 1.0 data, as the resampling has the 652 
effect of smearing some fire pixel signals from saturated to unsaturated (Figure 11). 653 
We used the  Meteosat-8 'special operations' data that included a low-gain IR3.9 654 
operation (Table 2) to quantify the impact further. When the IMPF used a nearest 655 
neighbour geometric resampling scheme, rather than the standard resampling scheme, 656 
the resulting level 1.5 data showed not a single saturation event, with the highest 657 
IR3.9 signal being 6.7 mW m-² sr-1 (cm-1) -1 (373 K) and an FRP of 1989 MW 658 
(Equation 16 at 𝜃𝜃𝑣𝑣 of 14°).  Figure 12a shows the frequency distribution of per-pixel 659 
FRP recorded at active fire pixels detected in level 1.5 data that would normally have 660 
been saturated under standard SEVIRI operations. Artificially capping the IR3.9 661 
brightness temperatures of these pixels at the standard 335 K saturation temperature 662 
and recalculating their FRP using Equation (16) allowed for a FRP comparison of 663 
these 'simulated saturated' data to that from the unsaturated (low-gain) observations. 664 
Not unexpectedly, the greatest impact of IR3.9 band saturation occurs near the peak 665 
of the typical fire diurnal cycle seen in Figure 2, when around 5% of the level 1.5 666 
pixels would have been saturated under 'standard' operations and where total southern 667 
African FRP would consequently be underestimated by around 13%. At night these 668 
values alter to a maximum of 4% and 5% respectively, and since regional FRP at 669 
night is typically very low (Figure 2) the absolute amount of FRP underestimation at 670 
night is rather negligible. The data shown in Figure 12, along with the equivalent 671 
derived from our 'simulated saturated' data, were used to provide the replacement 672 
IR3.9 band spectral radiance for saturated pixels (specified as S and the associated 673 
uncertainty σS in Equation 20) that are coded as 2 in the Quality Product (Table S1), 674 
which was also used to replace Lf in Equation 16. S and σS were based on the median 675 
(4.08 mW m-² sr-1 (cm-1) -1) and median absolute deviation from the median (0.49 mW 676 
m-² sr-1 (cm-1) -1) of the IR3.9 spectral radiances of Figure 12, rather than the mean 677 
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and standard deviation, due to the non-normal distribution. Figure 12b shows the 678 
resulting data, stratified by θv (intervals 25° to 30° and 30° to 35° contain the vast 679 
bulk (79%) of the data). Since pixel area and atmospheric transmittance increase with 680 
θv, the FRP of pixels that would saturate under standard operating conditions 681 
generally increases with view zenith angle (θv). For each fire pixel, which would 682 
normally have been saturated, replacing their actual spectral radiance with 𝑆𝑆  and 683 
specifying the uncertainty 𝜎𝜎𝑆𝑆 gives a 'predicted' median FRP for each θv interval that 684 
is a reasonable fit to the observed distribution calculated using the unsaturated IR3.9 685 
observations made during the 'special operations' period.  Thus, under normal 686 
operations, the use of this saturation adjustment provides an estimate of FRP closer to 687 
the real emitted FRP than would be the case if the pixels saturated radiance measures 688 
had been maintained. 689 
 690 
 5.2.2 Impact of SEVIRI Level 1.0 to 1.5 Conversion 691 
Raw SEVIRI data undergoes prior to its conversion to level 1.5 (Section 2.2). To 692 
assess the impacts of the SEVIRI pre-processing (Section 2.20) we again used 693 
Meteosat-8 “Special Operations” data, specifically that when the onboard and on-694 
ground processing chain of SEVIRI was altered to replace the standard FIR filter with 695 
the top-hat rectangular filter of single pixel width, and where the level 1.5 data were 696 
delivered using both bi-cubic and nearest neighbour geometric resampling schemes.  697 
Meteosat-8 and -9 level 1.5 “Standard Mode” data full disk data intercomparisons 698 
were undertaken first to elucidate initial differences between the two sensors. Using 699 
simultaneous observations of over 35,000 active fire pixels, Meteosat-8 was found to 700 
measure IR3.9 spectral radiances on average 1.0 ± 7.7% (mean ± standard deviation) 701 
lower than Meteosat-9 (Figure 13), with the bias most likely the results of Meteosat-9 702 
at the time being positioned 3.4° further West than Meteosat-8 and thus with a 703 
different view zenith angle and ground pixel area. The variability likely stems from 704 
different sub-pixel positions of the fires, whose impact was illustrated in Freeborn et 705 
al. (2014c) for MODIS. The degree of difference altered as the 'special operations' 706 
rapid-scan Meteosat-8 data were substituted, with observations now being made 707 
approximately 1 minute apart due to the different scanning schemes used on the two 708 
satellites. From these data, the separate uncertainty coming from the measurement 709 
time-differences and the differing data processing chains were calculated, and the 710 
uncertainty impact of the level 1.0 to level 1.5 processing operations (εp) was 711 
estimated as 0.084 (8.4%) for use in Equation 20.   712 
 713 
For illustration of the impact that different SEVIRI pre-processing operations can 714 
have on the active fire data, Figure 14 includes 'total scene' FRP comparisons of 715 
Meteosat-8 data processed using the standard FIR (Sinc) and top-hat filters, and 716 
nearest neighbour and bi-cubic geometric resampling schemes. The top hat filter 717 
allows lower FRP active fire pixels to be detected, giving a lower minimum total 718 
scene FRP than is obtained when applying the standard FIR-filter (which tends to 719 
'smear' fire pixel radiances). The geometric resampling scheme used also impacts total 720 
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scene FRP to a greater extent when the FIR filter is applied, with larger impacts for 721 
scenes containing only a relatively few lower FRP active fire pixels (upon whose 722 
detectability the filter selection will impact most strongly). Further investigation 723 
shows that the radiometric uncertainty of the active fire pixel radiance is the largest 724 
contributor to the overall FRP uncertainty defined by Equation 19, and that 725 
consideration should be given to optimising SEVIRI level 1.0 to level 1.5 pre-726 
processing operations with respect to active fire data in order to minimise this.   727 
 728 
6. LSA SAF SEVIRI FRP-GRID PRODUCT 729 
 730 
6.1. Product Justification, Derivation, and Implementation 731 
Whilst Section 5 shows that some optimisation of the IMPF level 1.5 data pre-732 
processing chain could still be made for the active fire application, when viewing the 733 
same ground area at the same time (as occurs a few times per day), MODIS (with a 734 
higher spatial resolution and higher MWIR band saturation limit) will generally offer 735 
a better opportunity to detect the true regional-scale FRP of landscape-scale fires than 736 
SEVIRI. A comparison of the frequency-magnitude distribution of concurrent and 737 
collocated SEVIRI and MODIS FRP observations indicates the notable biases of 738 
SEVIRI (Figure 15). SEVIRI's statistical distribution of measured per-pixel FRP (ℋ) 739 
is right skewed, and can be divided into three broad regimes. Between ℋ𝐿𝐿 and ℋ𝑈𝑈, 740 
the distribution follows a power-law, with SEVIRI detecting fewer active fire pixels 741 
with increasing FRP owing to the true rarity of extreme (high FRP) fire behaviour on 742 
the landscape.  In the lower regime (below ~ 30 - 40 MW), ℋ deviates from this 743 
power-law as the performance of the FTA algorithm applied to SEVIRI is 744 
increasingly limited by the fact that low FRP fires are increasingly difficult to  745 
distinguish above the ambient background variability, and many thus remain 746 
undetected. Roberts et al. (2015) provide a full assessment of this effect using scene-747 
to-scene comparisons between SEVIRI FRP-PIXEL products and MODIS active fire 748 
data. Finally, above ℋ𝑈𝑈 SEVIRI's per-pixel FRP distribution suffers from right hand 749 
truncation due to IR3.9 band saturation, albeit in the final FRP-PIXEL product this is 750 
adjusted for using the methods detailed in Section 5.2.1. 751 
The above issues lead to a general underestimation of regional-scale FRP totals 752 
measured by SEVIRI when compared to simultaneously recoded MODIS data 753 
(Roberts and Wooster, 2008; Roberts et al., 2015). Providing adjustment for this, and 754 
for varying levels of cloud cover, whilst maintaining a temporal resolution still 755 
significantly higher than that offered by polar orbiting systems, is the role of the 756 
SEVIRI Level 3 FRP-GRID Product. The product combines information contained 757 
within all FRP-PIXEL files collected each hour, and delivers a cloud-cover and bias-758 
adjusted, spatio-temporal full-disk summary product at a 5°/hourly resolution (Figure 759 
16). 760 
Freeborn et al. (2009) indicated that, in general, when viewing African areas 761 
simultaneously, MODIS measures on average around twice the FRP measured by 762 
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SEVIRI. However, large regional and temporal differences exist, and Freeborn et al. 763 
(2014a) recently demonstrated that over smaller 1° areas within a single country (in 764 
this case the Central African Republic, one of the most fire-affected African 765 
countries) SEVIRI's active fire error of omission with respect to MODIS varies 766 
between 25% and 74% (depending on the locations fire regime), causing a similar 767 
variation in the degree of FRP underestimation. It is clear from such analysis that 768 
spatially varying bias-adjustment factors are required in the FRP-GRID product, and 769 
these were derived using a set of coincident SEVIRI and MODIS active fire 770 
observations (May 2008 - May 2009), with both datasets atmospherically corrected 771 
using the Section 4.2 scheme. SEVIRI active fire pixels were accumulated over one 772 
hour, and to achieve a sufficient active fire pixel sample size, matching MODIS and 773 
SEVIRI active fire detections were accumulated within 5° grid cells. To minimize 774 
MODIS edge-of-scan effects (Freeborn et al., 2009; 2011; 2014b) only MODIS data 775 
within the centre two thirds of the swath were used. Half the resulting data were used 776 
as the training dataset, and half for the performance evaluation reported in Roberts et 777 
al. (2015). Figure 17 illustrates the methodology, with the summed atmospherically 778 
corrected FRP measured by MODIS within each 5° grid cell (∑𝐹𝐹𝐹𝐹𝑃𝑃𝐺𝐺) related to that 779 
measured by SEVIRI using: 780 
 781 
∑𝐹𝐹𝐹𝐹𝑃𝑃𝐺𝐺 =  𝛼𝛼𝑀𝑀𝑅𝑅𝑀𝑀 �1𝑛𝑛 ∑ ∑𝐹𝐹𝐹𝐹𝑃𝑃𝑆𝑆𝑆𝑆𝑉𝑉𝑀𝑀𝑀𝑀𝑀𝑀,𝑓𝑓𝑛𝑛𝑓𝑓=1 �𝛽𝛽𝑀𝑀𝑇𝑇𝑀𝑀   (22) 782 
 783 
where the value in parenthesis on the right hand side represents the atmospherically 784 
corrected sum of FRP measured by SEVIRI in the 5° cells averaged over the n 785 
preceding timeslots available in one hour (where n = 4, typically) and the factors α 786 
and β are power law parameters. The spatial variation was considered by calculating 787 
these factors separately for each of the four LSA SAF geographic regions.  Equation 788 
22 therefore converts aggregate SEVIRI-derived FRP measures into that which would 789 
have been measured by MODIS when viewing the area within the centre 2/3rds of its 790 
swath. The exponent β was functionally intended to allow for the fact that SEVIRI-to-791 
MODIS ratios of FRP are generally lower during periods of reduced fire activity 792 
(Freeborn et al., 2014a), but predictive abilities of this formulation proved to be no 793 
more skilful than a linear formulation so β was fixed at 1.0 and α derived using a 794 
weighted least squares linear best fit to the median values of the training dataset 795 
(Figure 17). Final values of α (and standard error) used in the FRP-GRID product are 796 
1.674 (0.062), 1.464 (0.065), 2.057 (0.224) and 1.674 (0.173) for Nafr, Safr, Same 797 
and Euro respectively, and since the value for the European LSA SAF region was 798 
found statistically insignificantly different from that of North Africa it was assigned 799 
the same value since many more fires were available in North Africa to enhance 800 
relationship robustness.   801 
Uncertainty (𝜎𝜎𝐺𝐺) on the derived gridded FRP is specified as: 802 
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  803 
𝜎𝜎𝐺𝐺 = �� � ∂G∂Vk�2 𝜎𝜎𝑉𝑉𝑉𝑉22𝑉𝑉=1  (23) 804 
 805 
where Vk represents the variables of Equation 22 contributing to the uncertainty in G, 806 
namely the coefficient 𝛼𝛼 and the mean FRP measured by SEVIRI in the grid cell over 807 
a one hour summation period.  Expanding this expression: 808 
 809 
𝜎𝜎𝐺𝐺 = 𝐺𝐺��𝜋𝜋𝛼𝛼𝑀𝑀𝑇𝑇𝑀𝑀𝛼𝛼𝑀𝑀𝑇𝑇𝑀𝑀 �2 + � √∑ 𝜋𝜋𝐹𝐹𝑀𝑀𝐹𝐹,𝑖𝑖2𝑝𝑝𝑖𝑖=1∑ 𝑃𝑃𝑀𝑀𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑀𝑀𝑀𝑀𝑀𝑀,𝑡𝑡𝑛𝑛𝑡𝑡=1 �2  (24) 810 
 811 
where 𝜎𝜎𝛼𝛼𝑀𝑀𝑇𝑇𝑀𝑀is the uncertainty in α, p is the number of active fire pixels detected by 812 
SEVIRI in the grid cell during the hour, and 𝜎𝜎𝑃𝑃𝑀𝑀𝑃𝑃,𝑓𝑓 is the uncertainty associated with 813 
the individual active fire pixel i given by Equation 19 and stored in the FRP-PIXEL 814 
product.    815 
The FRP-GRID algorithm also bias adjusts the hourly averaged FRP by normalising 816 
by the hourly-averaged cloud cover fraction. This procedure is similar to that 817 
performed for MODIS by Giglio et al. (2006) and in Global Fire Assimilation System 818 
(GFAS) of the Copernicus Atmosphere Monitoring Service (Kaiser et al., 2012). It is 819 
important to stress that the bias and cloud-cover adjustment procedures implemented 820 
during FRP-GRID processing are purely statistical in nature, and aimed at reducing 821 
the impact of regional scale biases occurring when data are accumulated over multiple 822 
time-slots. Importantly, the cumulative FRP detected by the original FRP-PIXEL 823 
products is obtainable from the FRP-GRID product, so that the user can remove, 824 
adjust, or apply their own bias corrections should they prefer. The datasets stored in 825 
the FRP-GRID files are shown in Table S2 in the Supplementary Materials, but many 826 
users may wish simply to focus on use of the FRP-PIXEL product itself.   827 
 828 
 829 
8. PRODUCT COMPARISON AND TREND ANALYSIS  830 
 831 
8.1 Comparison to other SEVIRI Active Fire Products 832 
Since Roberts et al. (2005) published the first Meteosat SEVIRI active fire detection 833 
algorithm, other active fire studies have made use of SEVIRI data (e.g. Calle et al., 834 
2006; Amraoui et al., 2010; Roberts and Wooster, 2014), some of which have resulted 835 
in routinely generated datasets (e.g. Carvalheiro et al., 2010; Calle et al., 2011).  836 
Roberts et al. (2015) report a detailed performance comparison and evaluation of 837 
many of these products compared to FRP-PIXEL, and Figure 18 demonstrates the 838 
magnitude of the differences that can occur, here between the WF-ABBA and FRP-839 
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PIXEL products derived from the same level 1.5 data. Since we know that the FRP-840 
PIXEL product undercounts active fire pixels below the ℋL threshold of Figure 15, 841 
we show both the total FRP-PIXEL fire pixel count at each timeslot, and that from 842 
pixels with FRP > 40 MW and > 50 MW.  For many imaging slots, the FRP-PIXEL 843 
product detects around twice as many active fire pixels as does WF-ABBA, even 844 
when using the 'all detections' (unfiltered) WF-ABBA data. The latter appear also to 845 
show some potentially unrealistic temporal patterns, for example in (b) during the 846 
early morning of 31st Aug 2014 a local peak in fire pixel count is present at 7:00am 847 
local time and is quite possibly caused by glint effects. This local peak is reduced and 848 
finally removed by the more stringent WF-ABBA filtering, though this filtering also 849 
lowers the number of overall fire pixels recorded.  Roberts et al. (2015) includes a 850 
much more complete active fire product intercomparison and performance evaluation, 851 
but the limited comparison provided here serves to indicate both the highly sensitive 852 
nature of the FTA algorithm, and its ability to screen out early morning sunglint 853 
induced false alarms without recourse to temporal filtering. Since fires in African 854 
landscapes quite often show up in a given pixel only once in a 24 hour period (either 855 
having moved into a neighbouring pixel as the fire spreads across the landscape, or 856 
being detected only occasionally due to the low FRP nature of the fire itself), the 857 
ability to perform sensitive and accurate active fire detection without having to filter 858 
out fire pixels detected only once during the day offers a useful capability. 859 
 860 
8.2 Comparison to MODIS and Analysis of Active Fire Trends 861 
The LSA SAF Meteosat SEVIRI FRP products are available since 2008, and in 862 
2015/2016 a reprocessing is planned that will generate over a decade of data. 863 
Baldassarre et al. (2015) and Roberts et al. (2015) show how these products can be 864 
used to support fuel consumption rate estimation for use in high temporal resolution 865 
atmospheric modelling of smoke plume dispersion, whilst Freeborn et al. (2014a, c) 866 
demonstrate both their complimentarity to MODIS and their ability to discriminate 867 
trends in fire behaviour. Figure 19 builds on this to show (a) MODIS 868 
MOD14/MYD14 and (b, c) SEVIRI FRP-PIXEL active fire detections collected over 869 
Central African Republic. The nearest temporally coincident SEVIRI active fire pixel 870 
for each MODIS active fire pixel was calculated based on the ground distance ∆d 871 
between the pixel centres. Results indicate that 30%, 42%, and 53% of the MODIS 872 
active fire pixels had a SEVIRI counterpart detected at the same time (i.e. those in 873 
Figure 19b) and located within 3, 4, and 5 km, respectively, and only 10% had the 874 
spatially closest, simultaneously detected SEVIRI fire pixel pixel located more than 875 
20 km away. The same proximity analysis was repeated to include the full set of 876 
SEVIRI active fire pixels detected at all timeslots (i.e. all those mapped in Figure 877 
19c), where 83%, 91%, and 95% respectively of MODIS fire pixels were found to 878 
have a SEVIRI fire pixel within 3, 4, and 5 km respectively and fewer than 1% did 879 
not have a SEVIRI counterpart within 20 km. The reverse analysis showed that 880 
almost every SEVIRI fire pixel had a MODIS fire pixel within 4 km of it (detected 881 
anytime within the two weeks). We conclude that, although the FRP-PIXEL product 882 
fails to detect a significant proportion of the MODIS active fire pixels at the time of 883 
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the MODIS overpass (Figure 19b), due to their FRP being below the  ℋL threshold of 884 
Figure 15, the SEVIRI FTA algorithm does detect the vast majority of MODIS-885 
detected fires at some earlier or later stage of their lifecycle (Figure 19c).   886 
 887 
Figure 20 indicates the temporal cycle of SEVIRI active fire detections over the 888 
region shown in Figure 19, and the time difference within which the matching 889 
SEVIRI and MODIS detections of the same fire generally occur (with the matched 890 
detections taken as the SEVIRI detection with the minimum time difference to the 891 
MODIS detection and located within 4 km of it). Overall, 70%, 79%, and 84% of the 892 
collocated MODIS fire pixels were detected by SEVIRI within 12, 24 and 36 hrs 893 
respectively of the best matched MODIS observation, with the SEVIRI detection 894 
more commonly being after the MODIS detection, but quite often occurring before. 895 
The 15-minute repeat cycle of SEVIRI is well suited for capturing temporal 896 
fluctuations in fire behaviour (Roberts et al., 2009a), and is able to capitalize on those 897 
opportune moments when a fire does become detectable, notwithstanding the 898 
relatively coarse pixel sizes available from geostationary orbit. Figure 21 shows a six 899 
year time-series over the same area with clear cyclic patterns and extremely low FRP 900 
pixels dominating outside of the main periods of fire activity. Biomass burning is 901 
spatially extensively in the CAR (Figure 19; Eva and Lambin, 1998; Bucini and 902 
Lambin, 2002; Freeborn et al., 2014a, 2014c), and Figure 21 shows similar patterns in 903 
active fire pixel count and total FRP and with some suggestion of a generally 904 
decreasing trend in fire activity in recent years (as already noted by Freeborn et al. 905 
(2014c) using MODIS).  906 
 907 
In terms of the FRP-PIXEL products ability to provide information relevant to 908 
individual large fire events, Figure 22 shows an example of high FRP (≥ 200 MW per 909 
pixel) wildfires detected across the Mediterranean in July 2009 (Pausas and 910 
Fernández-Muñoz,  2012). Selecting the single fire pixel that corresponds to the 911 
intense wildfire that burned close to Sierra Cabrera (SE Spain), the timeseries shows 912 
that on 14th July this fire expanded and was burning fuel at a rate of 221 kg sec-1 913 
(calculated using the conversion factor of Wooster et al. (2005)) before dying out on 914 
the 15th July, matching well with news reports of the time 915 
(http://en.wikipedia.org/wiki/2009_Mediterranean_wildfires). The same reports 916 
indicate that on 23rd July the fire flared again, and this second event is also observed 917 
in the FRP-PIXEL product time-series, with the FRP reaching similar heights as seen 918 
in the initial blaze (Figure 21c).  FRE-estimated total fuel consumption is estimated to 919 
have been in excess of 11 thousand tonnes. 920 
 921 
9. SUMMARY AND CONCLUSION  922 
Satellite-based estimates of FRP, including from geostationary satellites, are 923 
increasingly used to support regional and global biomass burning emissions 924 
calculations (Remy and Kaiser 2014; Roberts et al. 2011; Vermote et al. 2009; Zhang 925 
et al. 2012; Turquety et al., 2014; Baldassarre et al., 2015). We have provided a 926 
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detailed description of the algorithms and information content of the operational 927 
SEVIRI FRP products available from the EUMETSAT Land Surface Analysis 928 
Satellite Applications Facility (LSA SAF), both the FRP-PIXEL product (3 km spatial 929 
resolution, every 15 mins), and the spatio-temporal summary FRP-GRID product that 930 
includes bias adjustments for cloud cover and SEVIRI's inability to detect the lowest 931 
FRP fire pixels. Further information on data formats and content are included in the 932 
Supplementary information. 933 
Using the operational geostationary Fire Thermal Anomaly (FTA) algorithm 934 
described herein, SEVIRI detects active fire pixels with an FRP down to around 20 935 
MW, but those with FRP < ~ 30-40 MW are typically undercounted, hence the 936 
requirement for the bias-adjustment factors included in the FRP-GRID product. Using 937 
scene simulations and analysis of Meteosat-8 'special operations' data we demonstrate 938 
that certain of the data pre-processing procedures applied onboard the MSG satellites 939 
or in the EUMETSAT Image Processing Facility (IMPF), maybe non optimum for the 940 
active fire application. Standard cloud masking procedures also need to be optimised, 941 
since they can otherwise mask smoke, or even active fires, as cloud. We recommend 942 
consideration of these issues when designing the pre-processing and cloud masking 943 
chains to be used with Meteosat Third Generation (MTG), whose sensor has a 944 
dedicated low gain MWIR channel to support active fire applications (Just et al., 945 
2014). Comparisons to the WF-ABBA SEVIRI product indicates strong performance 946 
of the FTA algorithm, which detects substantially more active fire pixels, both in any 947 
particular SEVIRI timeslot and over the full diurnal cycle. The LSA SAF FRP 948 
products are therefore well suited to prescribing the typical diurnal cycle of biomass 949 
burning regions (Turquety et al., 2014; Andela et al., 2015), and for estimating high 950 
temporal resolution wildfire smoke emissions for atmospheric modelling (Baldassarre 951 
et al., 2015; Roberts et al., 2015). 952 
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    Centre Min  Max    
1 VIS0.6 0.635 0.56 0.71 Surface, clouds, wind fields 
2 VIS0.8 0.81 0.74 0.88 Surface, clouds, wind fields 
3 NIR1.6 1.64 1.50 1.78 Surface, cloud phase 
4 IR3.9 3.90 3.48 4.36 Surface, clouds, wind fields 
5 WV6.2 6.25 5.35 7.15 Water vapour, high level 
clouds, atmospheric instability 
6 WV7.3 7.35 6.85 7.85 Water vapor, atmospheric 
instability 
7 IR8.7 8.70 8.30 9.1 Surface, clouds, atmospheric 
instability 
8 IR9.7 9.66 9.38 9.94 Ozone 
9 IR10.8 10.80 9.80 11.80 Surface, clouds, wind fields, 
atmospheric instability 
10 IR12.0 12.00 11.00 13.00 Surface, clouds, atmospheric 
instability 
11 IR13.4 13.40 12.40 14.40 Cirrus cloud height, 
atmospheric instability 
12 HRV Broadband 
(about 0.4 










Figure 1. Near simultaneous MWIR channel imagery of fires in southern Africa from 1290 
(a) SEVIRI (IR3.9) and (b) MODIS (Band 21). These image subsets show pixels with 1291 
elevated MWIR brightness temperatures as bright, and almost all of these are likely 1292 
caused by actively burning fires. The area shown includes the Okavango delta 1293 
wetland (around 250 km long), which shows up as relatively cooler than the 1294 
surrounding dry land. The SEVIRI data were collected at 12:50 UTC on 17th August 1295 
2007, and the MODIS data around ten minutes earlier. The polar orbiting MODIS and 1296 
geostationary SEVIRI data are not exactly co-registered, but cover approximately the 1297 
same area. Whilst the increased spatial resolution of the MODIS data is clear and 1298 
allows more fires to be visually identified via their elevated MWIR signals, many of 1299 
the fires can also clearly be seen in the SEVIRI imagery (albeit with lower MWIR 1300 
brightness temperatures since the fires are filling a lower proportion of the larger 1301 
SEVIRI pixel than the matching MODIS pixels).  SEVIRI provides 96 images per day 1302 
(one every 15 minutes) at a consistent view zenith angle. At this latitude up MODIS 1303 
provides up to four images per day, though some of these will be at extreme view 1304 
zenith angles up to 65° under which conditions the MODIS spatial fidelity is far 1305 
reduced, with each pixel covering approximately the same ground area as does a 1306 
SEVIRI pixel (Freeborn et al., 2011).  The local afternoon imaging time of MODIS 1307 
Aqua, as used here, is also relatively close to the typical peak of the fire diurnal cycle 1308 
(Roberts et al., 2009a), but the times of the other MODIS overpasses are significantly 1309 
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Figure 2: Example data extracted from the LSA SAF Meteosat SEVIRI FRP-PIXEL 1319 
product. (a) Active fire locations and their FRP as measured on 17th July 2009 over 1320 
southern Africa. (b) The same data but now shown as the diurnal cycle of FRP, 1321 
binned into 25 MW increments. These data indicate that the individual fire pixel FRP 1322 
values recorded on this date almost all lay below 150 MW, and that the peak of the 1323 






Figure 3: Flowchart illustrating the FRP-PIXEL product processing chain, which uses 1328 
the operational geostationary ‘Fire Thermal Anomaly’ (FTA) algorithm described 1329 
herein. The processing chain acts upon the input Level 1.5 data from each SEVIRI 1330 
imaging slot independently, and the procedures outlined by the blue dotted box are 1331 
those involved in selection of the potential fire pixels (PFPs). These PFPs are then 1332 
subject to a series of thresholding procedures based on spatially varying ‘contextual’ 1333 
thresholds, used to determine whether or not each FPF can be confirmed as a true 1334 





Figure 4: Simultaneous data collected by the Aqua MODIS and Meteosat SEVIRI 1338 
instruments over a 1° × 1° region of Central African Republic at 12:00 UTC on 11 1339 
January 2009. (a) 500 m spatial resolution MODIS Aqua true colour composite, (b) 1340 
MODIS fire mask retrieved from the coincident MYD14 Active Fire and Thermal 1341 
Anomaly product, (c) the status flags (Table S1 in Supplementary Materials) retrieved 1342 
from the coincident SEVIRI FRP-PIXEL quality file, and (d) the MODIS cloud mask 1343 
retrieved from the coincident MYD35 MODIS Cloud Product. The MODIS true 1344 
colour composite image has been reprojected into geographic coordinates, and this 1345 
area is shown boxed on the other products (shown in their native image coordinate 1346 
systems). It is apparent that the geographically widespread, but somewhat transparent, 1347 
cloud shown in the MODIS colour composite in (a) is widely detected by the MODIS 1348 
MYD35 cloud mask (d) and by the adapted CMA Cloud Mask used in the FRP-1349 
PIXEL products (c). However, the MODIS cloud mask used in the MODIS fire 1350 
product (b) is specified such that it does not detect such thin cloud and allows fires 1351 
burning underneath to remain detectable. Far less cloud can be seen to be detected by 1352 
this mask than by either other the other two masks.  Figure adapted from Freeborn et 1353 
al. (2014a), who go onto confirm the very strong sensitivity of the SEVIRI CMa mask 1354 
of Derrien and Le Gleau (2005) compared to that of the MODIS Active Fire Product 1355 





Figure 5. Examination of signals from fires burning under clear sky and thin cloud, 1359 
along with their background windows (BG). Potential fire pixel (Fire) and 1360 
background (BG) signal box plots for IR3.9 Brightness Temperature (BT) and IR3.9 - 1361 
IR10.8 BT differences calculated using five days of SEVIRI daytime data (8th-12th 1362 
August 2014) over the southern Africa. Boxplot follows standard conventions, with 1363 
the bar representing the median and red dot the mean.  The figure above each box plot 1364 






Figure 6: Simulated SEVIRI IR3.9 (MWIR) imagery of active fires, shown in 1369 
comparison to real imagery. Images are scaled with the highest brightness 1370 
temperature in the images shown white, and the lowest black.  x and y axes are in 1371 
SEVIRI image column and row coordinates.  (a) is a simulated MWIR view of a 350 1372 
MW fire contained within the ground area of a single SEVIRI 3 km pixel and with the 1373 
convolved filter shown in Figure 7 applied. The fire signal appears smeared across 1374 
many pixels, and the result appears similar to typical SEVIRI imagery of active fires 1375 
shown in (b), but noting that the dominantly along-scan nature of the smearing may 1376 
not be so apparent in real SEVIRI imagery due to the pixel geolocation processes 1377 
performed during the level 1.0 to level 1.5 pre-processing procedures. (c) and (d) 1378 
show simulation of larger fires stretching across three 350 MW SEVIRI pixels in the 1379 
E-W and N-S directions respectively, with the impact of the filtering shown to be 1380 
dependent upon the fire orientation with respect to the SEVIRI scan process. The 1381 
simulations are indicative only, with a uniform surface temperature, atmospheric 1382 
transmission and emissivity assumed, and the sub-pixel fire of fixed FRP located at 1383 







Figure 7: (a) The E-W point spread function of SEVIRI (at sub-satellite point) and the 1389 
finite impulse response (FIR) function. The latter is applied to Level 1.0 data before 1390 
conversion to level 1.5.  Both are shown here normalised to unity. Note the negative 1391 
side lobes of the FIR filter. (b) Convolution of the FIR filter and the E-W and N-S 1392 
SEVIRI point spread function (PSF) used in the simulation of active fire observations 1393 








Figure 8: Near simultaneous Meteosat-8 and -9 Band 4 (MWIR) Imagery of a large, 1400 
intensely burning (high FRP) fire in southern Africa taken on 3rd September 2007 1401 
during Meteosat-8 'Special operations' when application of the FIR filter was removed 1402 








Figure 9: Demonstration of the ability to estimate the SEVIRI IR3.9 (MWIR) 1409 
brightness temperature of the central pixel in a 5×5, 7×7 and 9×9 pixel window, using 1410 
the mean of the remaining 'background window' pixels. Results for two different 1411 
landcover types are shown from the GLC2000 database, grassland (plotted on left 1412 




Figure 10: SEVIRI IR3.9 (MWIR) band spectral response function, with example 1417 
atmospheric transmittance calculated across the 3.0 - 4.5 µm wavelength range 1418 
assuming a standard atmosphere (Berk et al., 2005),  plotted on the left y-axis.  Also 1419 
shown, plotted on the right y-axis, are the bottom-of-atmosphere (BOA) thermal 1420 
emittance for a 310 K blackbody, along with the top-of-atmosphere (TOA) equivalent 1421 
after the emitted radiation has passed through the intervening atmosphere to space. 1422 
Simulations performed using the MODTRAN 5 radiative transfer code (Berk et al., 1423 





Figure 11: Impact of IR3.9 channel saturation in SEVIRI level 1.0 and level 1.5 data. 1427 
Typically a maximum of only a few percent of active fire pixels are saturated in any 1428 
particular SEVIRI image, but the exact proportion is dependent on data pre-1429 
processing levels.  Here in red we show the spatial distribution of saturated active fire 1430 
pixels in (a) level 1.0 and (b) level 1.5 SEVIRI data collected over a 2-day (48 hr) 1431 
period in a region of southern Africa (16th and 17th July, 2014). Twice as many pixels 1432 
are saturated in the level 1.0 across these two days (shown by a 10-bit DN of 1023; 1433 
n=2797) than are apparent in the level 1.5 data (shown by a maximum brightness 1434 
temperature recordable in the IR3.9 band; n=1390). The background imagery on 1435 
which the saturated pixels are displayed is an IR3.9 image acquired on the 17th July at 1436 
13:00 hrs (UTC).   1437 







Figure 12.  Occurrence and impact of SEVIRI IR3.9 saturation. (a) Frequency 1443 
distribution and normalised cumulative frequency of the FRP recorded at detected 1444 
active fire pixels that would have been saturated under normal SEVIRI operating 1445 
conditions, but which remained unsaturated during the low-gain 'Special Operation' of 1446 
the IR3.9 band of Meteosat-8 SEVIRI. Pixels with FRP> 1000 MW are shown due to 1447 
their extremely low frequency, though one pixel with an FRP approaching 2000 MW 1448 
was seen (see main text). (b) Median FRP recorded at active fire pixels which would 1449 
have been saturated had Meteosat-8 SEVIRI been operating in normal gain mode, but 1450 
which when observed during the low-gain IR3.9 band 'Special Operation' of 1451 
Meteosat-8 SEVIRI remained unsaturated. Data are stratified by view zenith angle. 1452 
Also shown are the ± 1 mean absolute deviation from the median, and the predictions 1453 
of FRP made when the actual fire pixel IR3.9 spectral radiance is replaced with a 1454 
fixed value of 4.08 mW m-² sr-1 (cm-1)-1 to represent the adjustment applied to 1455 
saturated pixels in normal mode level 1.5 SEVIRI data during FRP-PIXEL processing 1456 










Figure 13: Comparison of SEVIRI IR3.9 band spectral radiance differences recorded 1465 
at active fire pixels observed simultaneously by Meteosat-9 operated in standard 1466 
mode full disk viewing, and Meteosat-8 operated in both standard mode and a number 1467 
of 'Special Operations' modes. The red line shows the difference between Meteosat-8 1468 
and -9 signals when the former is operated in normal mode, with no time difference 1469 
between observations, the green line when Meteosat-8 Rapid Scan mode was used, 1470 
which resulted in time differences of 50 - 65 secs between matched observations of 1471 
the two satellites, and the blue line when Meteosat-8 Rapid Scan data were processed 1472 
without the FIR filter and with a nearest neighbour geometric resampling scheme 1473 
(rather than the normal bi-cubic function).  From these intercomparisons, estimates of 1474 
the radiometric uncertainties introduced by the SEVIRI level 1.0 to level 1.5 pre-1475 








Figure 14: Cumulative FRP (MW) in a scene as measured by Meteosat-8 operating in 1482 
'special operations mode' across the region of the Rapid Scan observations (3° N to 1483 
33° S) when data were delivered using different geometric resampling schemes 1484 
(nearest neighbour and bi-cubic convolution) and image processing filters (standard 1485 
Sinc function shown in Figure 7, and ’top-hat’ which equates to no significant digital 1486 







Figure 15: Frequency-magnitude distributions constructed from coincident active fire 1492 
pixels detected by SEVIRI,  ℋ  (●) and MODIS,  ℱ  (□) over the African continent 1493 
between May 2008 and May 2009. The lower breakpoint of the SEVIRI distribution, 1494 
ℋL, coincides with the decline in SEVIRI’s active fire detection performance as the 1495 
thermal radiance emitted from small and/or lower intensity fires cannot be reliably 1496 
distinguished from that of the background window, and so many remain undetected. 1497 
The upper breakpoint, ℋL, coincides with the onset of IR3.9 detector saturation. The 1498 
Level 3 FRP-GRID Product aims to account for the FRP that SEVIRI fails to detect as 1499 







Figure 16: Example of the product contents for a single FRP-GRID product (issued 1505 
hourly), as recorded on 11th November 2009 at 14:00 UTC, including (a) the average 1506 
number of fires detected per 15 min imaging timeslot, (b), the average atmospheric 1507 
correction factor, (c), the average cloud correction factor, and (d) an estimate of the 1508 
average FRP that MODIS would have measured during the hour. A full description of 1509 








Figure 17: Illustration of the training dataset and technique used to derive the regional 1516 
bias adjustment factors used in generating the FRP-GRID product, here illustrated for 1517 
the southern African LSA SAF region. Temporally coincident (a) SEVIRI and (b) 1518 
MODIS active fire pixels between 2008 May and 2009 May were accumulated in 5° 1519 
grid cells strategically located within geographic areas covered by the centre two 1520 
thirds of the MODIS swath. Shown is one example obtained at 08:15 UTC on 22 Oct 1521 
2008. To achieve a sufficient sample size, SEVIRI active fire pixels in 5° cells were 1522 
averaged over an hour, as in the FRP-GRID product. These hourly values (grey 1523 
circles) were binned and the result compared to the median (red squares) and mean 1524 
(black circles) of the MODIS observations. Appropriate SEVIRI-to-MODIS bias 1525 
adjustment coefficients were determined by performing a weighted linear least 1526 
squares fit through the median values, shown in (c) on a linear scale and (d) on a log 1527 
scale (here for the SAfr region only). The resulting factors are applied in the FRP-1528 







Figure 18:  Comparison between FRP-PIXEL product active fire detections made 1534 
across southern Africa (the LSA SAF SAfr region; Figure S1), along with those made 1535 
simultaneously by the WF-ABBA SEVIRI Fire Product (Gonzalo et al. (2009); 1536 
http://wfabba.ssec.wisc.edu/).  Dates are (a) 2nd August 2014, and (b) 31st August 1537 
2014, and both are shown in terms of local solar time of detection. For the FRP-1538 
PIXEL product, three active fire time-series are shown, all detections; and those only 1539 
from fire pixels with FRP >40 MW and > 50 MW, since it is known that significant 1540 
undercounting of active fire pixels occurs around these limits (i.e. below threshold ℋL 1541 
in Figure 15). For the WF-ABBA active fire detections, four versions of the data are 1542 
shown, all active fire detections; the WF-ABBA 'filtered' detections where SEVIRI 1543 
pixels only detected as an active fire once during 24 hrs are removed; and the filtered 1544 
detections keeping only the higher possibility fires (WF-ABBA flags 0 to 3) and high 1545 
and medium possibility fires (WF-ABBA flags 0 to 4). Details of the WF-ABBA 1546 
flags can be found at www.ssd.noaa.gov/PS/FIRE/Layers/ABBA/abba.html. On both 1547 
days and at all timeslots, the full FRP-PIXEL product active fire record (black line) 1548 
detects substantially greater numbers of active fire pixels than the full WF-ABBA 1549 
record (red line), and Roberts et al. (2015) goes onto further compare the performance 1550 








Figure 19: Active fire detections made across a 15° × 15° region covering Central 1557 
African Republic (CAR) during a two week window (1 - 13 February 2004), as 1558 
detected from (a) the MOD14/MYD14 Active Fire products, (b) SEVIRI data and the 1559 
FTA algorithm within ± 6 minutes of the MODIS overpass, and (c) all SEVIRI data. 1560 
In (b), the detected active fire pixels are coloured by day of detection, and it is 1561 
apparent that fires appear potentially larger and are detected earlier in the east, 1562 
somewhat matching the detailed analysis presented in Freeborn et al. (2004a, c). 1563 








Figure 20: Results of the temporal analysis performed using the collocated SEVIRI 1570 
and MODIS active fire pixels detected in Central Africa in Figure 19.  (a) Total 1571 
number of active fire pixels detected by the FTA algorithm in each SEVIRI timeslot, 1572 
and the number that were within 4 km of a MODIS active fire pixel detected at any 1573 
time during the study period.  (b) Number of MODIS active fire pixels detected 1574 
within 4 km of a SEVIRI fire pixel, expressed as a function of the time difference 1575 
between the MODIS detection and the most contemporaneous SEVIRI active fire 1576 
detection. Positive time differences represent a SEVIRI fire detection occurring after 1577 








Figure 21:  Metrics of monthly fire activity (total monthly FRP, monthly active fire 1584 
pixel count, and the mean per-pixel FRP) for the Central African Republic (CAR), as  1585 
extracted from the 2008-2014 time series of FRP-PIXEL products available from the 1586 








Figure 22: High FRP active fire detections made across parts of Europe and North 1593 
Africa (4.0° E - 35.0° W, 25.0° N - 46.0° N) in July 2009 and stored in the SEVIRI 1594 
FRP-PIXEL product.  (a) Locations of active fire pixels with FRP ≥ 200 MW, with 1595 
the location of the wildfire close to Sierra Cabrera in Spain (37.15° N, 1.92° W) is 1596 
outlined, whose FRP time-series is shown in (b) and (c).  1597 
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